This paper investigates the dynamic relationships between research and development (R&D) expenditure and productivity growth in Australian broadacre agriculture using aggregate time series data for the period 1953 to 2009. The results show a cointegrating relationship between R&D and productivity growth and a unidirectional causality from R&D to TFP (total factor productivity) growth in Australian broadacre agriculture. Using the dynamic properties of the model, data from beyond the sample period are analysed by employing the variance decomposition and the impulse response function. The findings reveal that R&D can be readily linked to the variation in productivity growth beyond the sample period. Furthermore, the forecasting results indicate that a significant out-of-sample relationship exists between public R&D and productivity in broadacre agriculture.
Introduction
There is a broad consensus among economists and researchers that rising agricultural productivity has been the crucial factor in achieving economic prosperity and in meeting the growing global food demand over the past decades (Pardey et al. 2013; Alston and Pardey 2014) . One of the leading factors that fuels productivity improvements in agriculture is investment in agricultural research and development (hereafter, R&D), which produces new knowledge and achieves technological breakthroughs (Coe and Helpman 1995) .
In recent decades, there has been concern that productivity in agriculture is declining throughout most of the developed world (Ball et al. 2013) . Evidence of a slowdown in productivity growth is revealed over the last decade compared with earlier periods in Australian agriculture (Sheng et al. 2011; Khan et al. 2015) . Studies also have found that falling public R&D investment in agriculture over the past decades is one of the possible causes of the recent declines in agricultural productivity growth (Schimmelpfennig and Thirtle 1994; Alston et al. 2011) . The recent decline in productivity has thus renewed interest in productivity analysis.
In the long run, agricultural productivity is largely driven by new knowledge or technology and/or efficiency improvements. However, there are concerns that the declines in productivity growth can be attributed to the lagged impact of the real public investment in agricultural research, which has stagnated since 1970s. Mullen (2007) found R&D to be a major source of productivity growth in Australian agriculture. Similarly, Salim and Islam (2010) also found that R&D matters for long-run productivity growth. A recent study by Sheng et al. (2015a) on Australian broadacre agriculture suggests that increasing size is not effective to improve productivity unless the technological capabilities of farms are improved, which is where R&D is an essential element to promote innovation adoption.
Apart from R&D, there are other factors that drive productivity through efficiency improvements. Changes in domestic policy settings and human capital are important determinants of agricultural productivity in Australia (Gray et al. 2014) . Sheng et al. (2015b) show that policy reforms through resource reallocation among farms contribute to the industry-level productivity growth in Australian broadacre agriculture. In addition, studies suggest that economy-wide reforms facilitate transformation and structural adjustment in agriculture and provide a more favourable enabling environment to productivity growth (Gray et al. 2014) . Changes in institutions and regulatory arrangements create conditions conducive to productivity growth. Among efficiency drivers, farmers' education and training are also important determinants of productivity growth through increasing their capacity to innovate (Mullen 2007; Xayavong et al. 2015) . Another factor that influences broadacre agricultural productivity in Australia is seasonal conditions which are beyond the control of farmers and government. Islam et al. (2014) found across varying rainfall environments that efficiency gains play an increasingly important role in influencing productivity as growing season rainfall increases.
While the previous studies identify the factors that influence farm productivity, so far no study has yet been performed to identify the longrun dynamic relationship between farm productivity and R&D in Australian broadacre agriculture with a dynamic econometric model specification. This paper addresses this gap in the literature. It examines the relationship between public R&D spending and productivity growth in Australian broadacre agriculture with a data series spanning more than 50 years. This paper applies cointegration and Granger causality to investigate the relationship between R&D and TFP and the direction of causality running between them. Apart from estimating short-term and long-term effects of public R&D investments, this paper also focuses on the dynamic effects of R&D by applying variance decomposition, impulse response functions and a forecasting modelling. It explores the properties of the relationship between R&D and productivity growth in a more dynamic fashion and beyond the sample period.
The remainder of this paper proceeds as follows. The next section provides a brief overview of public R&D and agricultural productivity in Australia. A discussion of data sources and variable selection is given in Section 3. Section 4 discusses the time series econometrics and empirical results. Section 5 concludes the paper.
Public R&D and broadacre agricultural productivity in Australia
Australian agriculture is primarily based on extensive cropping and livestock farming activity, which is generally termed 'broadacre' agriculture. Broadacre agriculture is a significant contributor to the country's agricultural and economic growth. It generates more than 54 per cent of the country's gross value of agricultural production (Gray et al. 2014) . Moreover, Australia exports approximately 60 per cent of its agricultural production, accounting for 10.9 per cent of the total export earnings in 2010 -2011 (ABS, 2012 .
The public sector plays a dominant role in R&D investment in Australian agriculture, generally accounting for around 75 per cent of total agricultural R&D (Productivity Commission, 2011) . This statistics strongly contrasts with those of other OECD countries, where the share of private R&D is typically more than half the total investment in agricultural R&D (Sheng et al. 2011) . Figure 1 shows the patterns of public R&D expenditure in broadacre agriculture between 1953 and 2009 at constant 2009 prices. Over this period, Australian real public R&D investment in agriculture has grown from 102.3 million AUD in 1953 to almost 415.9 million AUD in 2009. There was an upward trend in the total public expenditure in agricultural R&D up until the mid-1970s. Since then, expenditure has essentially been static, with a spike in investment in 2001 followed by falling investments. Studies indicate that this sluggishness in public R&D since the mid-1970s may have contributed to the Figure 1 Public R&D expenditure in Australian broadacre agriculture. Source: Calculated with data from Mullen (2007 Mullen ( , 2010 and ABARES. slowdown in agricultural productivity growth in recent periods. Before 1994, broadacre farming experienced approximately 2.2 per cent growth in productivity per year, but since then it has been declining by 0.4 per cent a year (Sheng et al. 2011) .
In Australia, agricultural research has been largely supported by public investments through different sectoral funding and public research agencies. The research and development corporations (RDCs) are the main funding bodies of the government for rural R&D in Australia. Covering a broad spectrum of Australia's agricultural, fishing and forestry industries, RDCs invest in R&D and innovation to strengthen the competitiveness and profitability of these industries by improving the productivity and quality of products.
Methods
This paper uses national time series data for the period 1953 to 2009. Empirical linkages are examined among four variables, namely total factor productivity, domestic public investments in R&D, foreign public investment in R&D and farmers' level of education 1 . The broadacre TFP index (TFP) is measured by the Australian Bureau of Agricultural and Resource Economics and Sciences (ABARES) and is estimated as the ratio of a Fisher quantity index of total output to a Fisher quantity index of total input. A complete description of how ABARES constructs the TFP index for the broadacre industries can be found in Gray et al. (2011) .
The domestic public investment in R&D (RD) in broadacre agriculture series builds on data calculated by Mullen (2010) and data from the Australian Bureau of Statistics (ABS) biannual Australian Research and Experimental Development Survey. Mullen assembles the R&D data from various public sources, including the Australian Bureau of Statistics (ABS) and a previous dataset from Mullen et al. (1996) . In the absence of broadacre-specific R&D data, the R&D in broadacre alone is derived from the R&D investment in agriculture by assuming that broadacre agriculture's share is equal to its share of the total value of production in agriculture.
This paper uses R&D expenditure in US agriculture, collected from the US Department of Agriculture (USDA), as a proxy for the foreign R&D expenditure (FRD). The US plays a significant role in global agricultural R&D in relation to its investment and in terms of research spillovers (Alston 2002) . It is often assumed that the transfer of knowledge and technology between countries depends on a trade channel, which facilitates access to the outputs of foreign R&D, thereby enhancing productivity. Therefore, we construct and use an import-share-weighted US R&D variable for the model by following Coe and Helpman (1995) . These data are weighted by the per cent of agricultural imports to the agricultural gross value of farm production (GVP) in Australia. The agricultural GVP is obtained from ABARES, and imports of agricultural crops and livestock products are obtained from FAO statistics. This series is extrapolated backwards for the period 1953 to 1960 using actual data from 1961 to 2009.
Another variable is farmers' education (EDU), which is used as a proxy for the unobserved human capital of broadacre farmers. It is likely that farmers' ability and adoption of new technologies are influenced by his level of education attainment. The inclusion of human capital is common in the TFP regressions because education makes people more effective in organising work, in communicating and in becoming more innovative, all of which contribute to a higher productivity level. Following Mullen and Cox (1995) and Sheng et al. (2010) , this variable is proxied by the proportion of primary school-age students in the total population enroled in primary schools in Australia collected from the World Development Indicators database. This series is also extrapolated backwards for the period 1953 to 1970 using the actual data for later years.
To estimate the effects of R&D, three alternative R&D variables are constructed following the previous time series studies (Mullen and Cox 1995; Thirtle et al. 2008; Sheng et al. 2010) . First, a single lagged value of R&D expenditure is used. Like Thirtle et al. (2008) , this paper finds a 12 year R&D lag (RD tÀ12 ) as the strongest influence on TFP. The strongest R&D lag is determined by using the Ramsey RESET specification test, and different model selection criteria are reported in the online appendix, Table S1 2 . Second, we construct a simple R&D knowledge stock variable (RDS PIM ) following the perpetual inventory method (PIM), which is commonly used to construct stocks for physical capital flows in the literature.
Finally, another R&D knowledge stock (FRD gamma ) is constructed using the gamma distribution function. In the literature, there are different lag structures and lag lengths used to approximate the lag effects of R&D with a gamma distribution, but there is hardly any consensus among the researchers regarding lag selection. For example, in US agriculture a recent study by Huffman and Evenson (2006) uses a 35 year lag profile. Also in Australian broadacre agriculture, Binenbaum et al. (2008) assumed that the knowledge stock is built up following a 35 year trapezoidal research profile. Studies in UK and Australian agriculture largely use 16 to 35 years for the lag. For example, Cox et al. (1997) used 30 year lag specifications of the research impacts on productivity in Australian broadacre agriculture.
Given the data limitation and considering the relatively applied nature of public agricultural R&D in Australia, we allow 30 year lagged specifications of the research impacts on productivity for the gamma distribution function, which is consistent with previous studies in Australian broadacre agriculture, e.g. Cox et al. (1997) . The number of observations on R&D and the degrees of freedom available for identifying relationships are also a consideration for this lag selection. In addition, the preliminary investigation mentioned previously finds 12 (or 15) years as the strongest lag, implying a maximum lag of 24 to 30 years for the gamma distribution. Following Alston et al. (2011) , the parameters of the gamma lag distribution are assigned values of k = 0.70 and d = 0.90.
In the next section, we apply a set of standard unit root tests, including the Augmented Dickey Fuller, the Dickey-Fuller generalised least squares (DF-GLS), the Phillips-Perron and the KPSS (Kwiatkowski, Phillips, Schmidt, and Shin) tests, to examine time series properties of all series. Then, we apply a cointegration test proposed by Johansen and Juselius (1990) to investigate the cointegrating relationship between R&D and productivity growth. In addition, the Granger causality test is used to shed light on the direction of possible causality between R&D and TFP growth along with the Toda-Yamamoto Granger noncausality test for the robustness check. A few robustness checks are also performed to test the consistency of the empirical results, including after allowing for unknown structural breaks.
Time series econometrics and empirical results

Unit root tests
To provide valid empirical evidence on long-run dynamic relationships among variables, we investigate the time series properties of the variables using widely used unit root tests: the Augmented Dickey-Fuller (ADF) test, the GLS detrended Dickey-Fuller test (DF-GLS), the Phillips-Perron tests and the KPSS test. The ADF test adjusts a higher-order autoregressive process by adding lagged difference terms of the dependent variable in the parametric test regression. DF-GLS is a simple modification of the ADF test proposed by Elliott et al. (1996) , where the time series is transformed via a generalised least squares (GLS) regression before performing the test, and this is considered to be better in terms of the statistical power of the test (Apergis 2014) . Both the Phillips-Perron and the KPSS tests apply nonparametric methods for controlling serial correlation in testing for a unit root. The KPSS test differs from the other unit root tests, such as the ADF, DF-GLS and PP, in that it assumes stationarity of the series under the null hypothesis. Test results for the time series data covering the period 1953-2009 are presented in the online appendix. These results confirm that all variables are nonstationary in their levels, but they are stationary in their first differences, i.e. they are each integrated of order one, I(1) 3 , 4 .
Cointegration and the VEC model
4.2.1 Cointegration test: Johansen approach based on VAR Economic theory and the existing empirical studies regarding the shortrun and the long-run dynamic relationships between TFP and R&D provide limited guidance in modelling the relationship between research expenditures and total factor productivity. To identify the relationships, we adopt a modelling strategy based upon the information provided by the time series data. We apply an unrestricted VAR (vector autoregression) model that allows the data to speak to the possible links and directions among these variables. The VAR-based Johansen cointegration test uses maximum likelihood estimation methodology to test for the cointegration rank r, which represents the number of independent cointegrating vectors.
To use the Johansen test, a vector error correction model (VECM) of the following form can be specified:
where
The Johansen test examines the coefficient matrix Π, particularly the rank of the matrix. According to Engle and Granger (1987) , if all variables of the vector y t are integrated of order one, I(1), the coefficient matrix Π has rank 0 ≤ r < k, where r is the number of linearly independent cointegrating vectors. If rank (Π) = 0, there is no cointegrating vector. However, if 1 ≤ r < k, there is a single cointegrating vector or multiple cointegrating vectors in the system. , are not integrated in their first differences according to the PP and KPSS tests. 4 We also employ the Zivot-Andrews unit root tests which suggest that all series are integrated of order one after allowing breaks by following Salim and Bloch (2009) . Detailed results are available upon request. 
where D denotes the difference operator; TFP, RD, FRD and EDU are the endogenous variables that are integrated of order one; and ɛ t are random errors that are each independently and identically distributed. The inclusion of lags of the dependent variable as explanatory variables in the regression is necessary, as the dependent variable itself may be correlated with its lags. The error correction term ECT is the one-period lagged value of the error term from the cointegrating equation, which equals zero in the long-run equilibrium relationship. The coefficients a 1 , a 2 , a 3 , and a 4 are the adjustment parameters, and they represent the speed of adjustment in the error correction mechanism. Table 2 presents the test results for error correction by using the JohansenJuselius vector error correction method with specifications of R&D. In the table, Panel A shows results for 12 years of lag values of R&D and foreign R&D. This type of lag structure has been applied in other studies, including Salim and Islam (2010) and Thirtle et al. (2008) . The statistically significant and negative coefficient of the equilibrium error term provides evidence of the adjustment of the short-run disequilibrium towards the long-run equilibrium for the model. For the ΔTFP equation, the negative sign indicates that TFP moves towards its equilibrium level in the case of the 12 year lagged R&D. The coefficient of À0.924 suggests a 92.4 per cent adjustment towards the long-run equilibrium in each year.
Panel B and Panel C report results based on R&D stocks constructed by two alternative specifications of R&D lag structure: the perpetual inventory method (PIM) and gamma distribution, respectively. Under the PIM method, R&D stocks are calculated assuming a depreciation rate fixed at 5 per cent. In Panel C, R&D stocks are calculated assuming a gamma distribution with a 30 year research lag length. The results show that in the ΔTFP equation, the coefficient associated with the error correction term reported in Panel B is statistically significant and negative, suggesting a move towards long-run equilibrium. In Panel C, the error correction term is not statistically significant, suggesting no error correction adjustment towards long-run equilibrium. Besides, the low Rsquare and F-statistic does not suggest that this specification fits data well.
The coefficients on the first-difference terms reported in Table 2 represent short-run elasticities as all variables are in natural logarithms. The short-run adjustment parameters of the explanatory variables R&D stock and foreign R&D stock under the PIM method are positive and significant, indicating that both domestic and foreign R&D have positive short-run impacts on TFP, while the other short-run parameters are not significant 7 . This result shows that lagged R&D is significant in explaining changes in total factor productivity and implies that increased R&D expenditure leads to productivity growth in Australian broadacre agriculture.
The long-run parameters of the cointegrating equations estimated from the ECM are reported in the following equations. The estimated parameters are exactly identified, and the model fits well 8 . The results of the normalised cointegrating coefficients are presented in the following relationship for different specifications of the R&D variable where '***' and '**' denote that the associated long-run parameters are statistically significant at the 0.01 and 0.05 levels, respectively: 
The normalised cointegrating Equation 8 considers 12 years of R&D lag. Equations 9 and 10 are specified with research stocks (RDS) based on the PIM and the gamma distribution, respectively. In the case of both 12 year lagged R&D and research stock based on the PIM specifications, the coefficients for R&D are positive and statistically significant, indicating a long-term marginal effect on TFP. Because a double-logarithmic functional form is used, the coefficient can be interpreted as a long-term elasticity. The long-run elasticities of TFP with respect to the 12 year peak R&D lag and research stock based on the PIM are 0.128 and 0.315, respectively, suggesting substantial impact for the public investments in agricultural R&D in Australia.
Further results in Equation 8 show that foreign R&D is positively related to TFP in the case of 12 year R&D lag, although the coefficient is not statistically significant, and that the long-run coefficient of school enrolment variable (EDU) is negative and significant. The ratio of primary school enrolment is a crude proxy for the farmers' level of education. However, the variable is included in this analysis following other studies (e.g. Cox 1995 and Sheng et al. 2010) without considering the possibility of its 8 P > v 2 = 0.00 in the case of the cointegrating equations. Overall model fits statistics report P > v 2 = 0.00; the coefficients on cointegrating equations are largely statistically significant, as are the adjustment parameters.
lagged effects on productivity due to limitations on data availability. The negative sign, though, is not expected, but similar evidences of wrong sign are found in the standard literature. Perhaps this finding indicates that Australian farmers have poor capacity to facilitate precision agriculture, technology adoption and managing the complexity of the modern farming or to receive the benefits of ICT-based technologies. Other studies show that the adoption rates of information technologies is not as fast as expected in Australian agriculture (Kingwell and Pannell 2005; Kingwell 2011) .
Like the error correction term, the long-run coefficient of R&D in Equation 10 is not statistically significant in the case of both domestic and foreign R&D stocks based on the gamma distribution. Limited data availability might be one possible reason for this weak result. An alternative model is tested considering R&D stock based on the gamma distribution for domestic R&D only, and results suggest a long-run cointegrating relationship between TFP and domestic R&D like the result using the R&D stock based on PIM
9
. A series of diagnostic tests are performed to check the specifications of the model and to ensure the validity of the estimated coefficients and inferences. The results obtained from the likelihood ratio (LR) test also confirm the cointegrating relationships between TFP and R&D (both 12 year lagged R&D and research stock based on the PIM) 10 . The stability tests of the VECM estimates suggest that the number of cointegrating equations have been correctly specified. Further, an LM test for autocorrelation suggests that there is no autocorrelation in the residuals at either lag order one or two. Results are not reported here to conserve space.
Overall, we find strong econometric evidence of the existence of a long-run equilibrium relationship between the TFP and the public R&D in Australian broadacre agriculture. This result supports the logic of the research and development corporation (RDC) system, where a levy is collected from farmers to invest into R&D that leads to increased GVP via higher agricultural TFP growth. This evidence of a cointegrating relationship between R&D expenditure and productivity growth implies that productivity growth in Australian broadacre agriculture is to be driven by technological advancements. Public policies directed at scientific research and development likely to lift longer-term productivity growth in Australian agriculture.
Granger causality tests
To explore the direction of the causality among the variables in the cointegrated vector, we apply the Granger causality test. The presence of one cointegrating vector implies that there should be Granger causality in at least one direction. Granger causality can be examined using the following VAR framework of order p: Table 3 presents the Granger causality Wald test based on vector autoregressions to establish the direction of causality of the cointegrated vector. The v 2 statistics in the first row tests whether RD (R&D), FRD (foreign R&D) and EDU (school enrolment) are Granger prior to TFP, the dependent variable in this case. The probabilities in the next row show that R&D and EDU are Granger prior to TFP, and this is true for all excluded variables together, which is an expected outcome. We run a similar test for each of the remaining dependent variables and find no evidence of any feedbacks in the opposite direction, which establishes the presence of unidirectional Granger causality running from R&D and EDU to TFP. More specifically, the results indicate unidirectional causality from R&D to TFP as the lags of R&D are significant for the TFP regression, but the lags of TFP are not significant for the R&D regression. Thus, the results show evidence of a unidirectional causal relationship between R&D and TFP growth with causality running from R&D to TFP growth.
Variance Decomposition and Impulse Response Function
The variance decomposition and impulse response functions provide more information on the dynamic properties of the model and allow prediction of the relative importance of the variables beyond the sample period. Variance decomposition measures the proportion of variation in the dependent variable that is induced by its own shocks or shocks emanating from other variables. Table 4 presents the variable decomposition estimates for TFP for 30 years of the time horizon.
The result shows that in the case of the TFP, approximately 80 per cent of the forecast error variance at the fifth-year horizon is accounted for by its own shock, and the R&D, foreign R&D and enrolment contribute the remaining 20 per cent of shocks. R&D explains approximately 8.7 per cent and 17.4 per cent in the 10th and 20th years, respectively, remaining nearly persistent over the future period.
We use Cholesky one standard deviation impulse response functions as part of the robustness checks of the cointegration findings beyond the sample period. The impulse response functions provide the response of the dependent variables to the shocks to each of the variables in the VEC model. Figure 2 shows the impulse responses of TFP, as this is the variable of main interest. In response to a shock in R&D, the future TFP initially increases and then remains positive and nearly constant for the future periods. This result indicates that TFP responds positively and persistently in the future period to 
Forecasting modelling
This section presents a forecasting exercise to evaluate whether changes in R&D stocks contain information about future changes in the productivity of Australian broadacre agriculture. Forecasts are produced from the estimated VEC model, where both lagged values of TFP and R&D stocks are used for forecasting. The model also includes foreign R&D and education enrolment as two exogenous variables. Figure 3 shows estimated forecasts of TFP for the forecast period 2010 to 2020 along with confidence error bands (red broken lines). Based on the estimated VEC model, the graph shows that productivity declines over the forecast period. The confidence error bands widen towards the end of the forecast sample because the forecasts errors tend to compound over time.
To obtain the out-of-sample forecasting evaluation, part of the sample is reserved by not including it in the estimation sample. The VEC and other models are estimated for the sample period 1953 to 2002 (reserving seven years of actual data for evaluation purposes), and out-of-sample forecasting is performed for the period 2003 to 2020.
Following Apergis (2014) , the VEC-based TFP forecasts is compared with those of the random walk model (RW) and basic forecasting model (with constant and trends) by using two statistics: root-mean-squared errors (RMSE) and the Theil coefficients. Response of LnTFP to LnEDU
Response to Cholesky one S.D. innovations ± 2 S.E. application in the literature of the time series analysis of agricultural productivity. It provides further evidence of the importance of R&D in productivity growth in agriculture, showing that incorporation of the information on R&D investment improves productivity forecasts significantly.
Conclusions
This paper investigates the long-run relationship between public R&D and the TFP in broadacre agriculture in Australia over a period of five decades.
To ensure valid empirical evidence on long-run dynamic relationships among variables in question, a set of standard unit root tests is first used, including the augmented Dickey-Fuller, DF-GLS, Phillips-Perron and KPSS tests to determine time series properties of the variables. Then, using the cointegration analysis, econometric evidence is found of a cointegrating relationship between R&D expenditure and productivity growth in Australian broadacre agriculture. Having established cointegration, an error correction model is constructed that shows that lagged R&D is significant in explaining changes in total factor productivity. This result implies that increased R&D expenditure leads to better outcomes for productivity in Australian broadacre agriculture. The results also show evidence of a causal relationship between R&D and TFP growth. With respect to the direction of causality, the empirical evidence indicates a unidirectional causality running from R&D to TFP growth. In addition, the dynamic properties of the model are explored using variance decomposition and impulse response functions, which show that TFP responds positively and persistently in the future period because the effect of a shock in public R&D does not die out over time. Furthermore, the out-of-sample forecasting exercise that indicates that investment in public R&D in agriculture does matter in forecasting productivity growth is a new application in the agriculture literature. The results show that information on R&D investment improves productivity forecasts significantly.
The insight behind the findings of the relationship between the public R&D and productivity in broadacre agriculture in Australia is straightforward. An increase in the public expenditure in R&D is likely to lead to higher productivity growth in the long run. This implies that productivity growth in Australian broadacre agriculture is to be driven mostly by technological advancements. 
